We use intraday data to compute weekly realized variance, skewness, and kurtosis for equity returns and study the realized moments'time-series and cross-sectional properties. We investigate if this week's realized moments are informative for the cross-section of next week's stock returns. We …nd a very strong negative relationship between realized skewness and next week's stock returns. A trading strategy that buys stocks in the lowest realized skewness decile and sells stocks in the highest realized skewness decile generates an average weekly return of 24 basis points with a t-statistic of 3:65. Our results on realized skewness are robust across a wide variety of implementations, sample periods, portfolio weightings, and …rm characteristics, and are not captured by the Fama-French and Carhart factors. We …nd some evidence that the relationship between realized kurtosis and next week's stock returns is positive, but the evidence is not always robust and statistically signi…cant. We do not …nd a strong relationship between realized volatility and next week's stock returns.
Introduction
We examine the properties of higher moments computed from intraday returns. Merton (1980) …rst noted that volatility can be measured arbitrarily precisely as the sampling frequency increases.
This insight was later applied to the measurement of time-varying volatility in the realized volatility literature, which constructs daily measures of realized volatility computed from intraday squared returns. Extending the now well-established concept of realized volatility, we compute realized skewness and kurtosis from intraday cubed and quartic returns. We show that under realistic assumptions, based on a continuous-time speci…cation of equity price dynamics that includes stochastic volatility and jumps, the realized moments converge to the true moments, con…rming that Merton's insight applies to skewness and kurtosis. The limits of the higher realized moments are determined by the jump parameters of the continuous-time price process. Using Monte Carlo techniques, we verify that the measurement of the realized higher moments is reliable in …nite samples, and that it is robust to the presence of market microstructure noise as well as to quote discontinuities in existence prior to decimalization.
Our empirical strategy uses a very extensive sample of weekly data. We aggregate daily realized moments to obtain weekly realized volatility, skewness, and kurtosis measures for over two million …rm-week observations. We …nd considerable time-variation in the cross-sectional percentiles.
While the cross-sectional dispersion in realized volatility has decreased during our sample period, the cross-sectional dispersion for skewness and kurtosis has increased. The median cross-sectional kurtosis has also increased signi…cantly.
Next we examine the relationship between higher moments computed from intraday returns and future stock returns. We sort stocks into deciles based on the current-week realized moment and compute the subsequent one-week return of the trading strategy that buys the portfolio of stocks with a high realized moment (volatility, skewness, or kurtosis) and sells the portfolio of stocks with a low realized moment.
When sorting on realized volatility, the resulting portfolio return di¤erences are not statistically signi…cant. However, when sorting by realized skewness, the long-short value-weighted portfolio produces an average weekly return of 24 basis points with a t-statistic of 3:65. The resulting four factor Carhart risk adjusted alpha for the long-short skewness portfolio is also close to 24 basis points per week. We …nd a positive relation between realized kurtosis and subsequent stock returns, but the economic magnitude is smaller and the results are less statistically signi…cant.
We con…rm the negative relation between realized skewness and future returns using FamaMacBeth regressions. We also investigate the robustness of these …ndings when controlling for a number of well-documented determinants of returns: realized volatility and kurtosis, …rm size (Fama and French (1993) ), the book-to-market ratio (Fama and French (1993) ), market beta, lagged return (Jegadeesh (1990) , Lehmann (1990) and Gutierrez and Kelley (2008) ), historical skewness, idiosyncratic volatility (Ang, Hodrick, Xing, and Zhang (2006) ), coskewness, (Harvey and Siddique (2000) ), maximum return (Bali, Cakici, and Whitelaw (2009) ), the number of analysts that follow the …rm (Arbel and Strebel (1982) ), illiquidity (Amihud (2002) ), and the number of intraday transactions. Realized skewness continues to be highly signi…cant in explaining the cross section of returns after controlling for these factors. Two-way sorts on realized skewness and …rm characteristics also con…rm that the relationship between realized skewness and returns is signi…cant. Finally, results for realized skewness are robust to the January e¤ect and are signi…cant when considering only NYSE stocks. We show that these cross-sectional results also obtain for monthly holding periods.
The positive relation between realized kurtosis and future returns is also con…rmed using FamaMacBeth regressions. However, two-way sorts show that the relationship between realized kurtosis and returns is not always signi…cant when controlling for other …rm characteristics. Additional robustness exercises con…rm that the results for realized kurtosis are not as economically and statistically signi…cant as the results for realized skewness.
To verify that our measures of higher moments are not contaminated by microstructure noise, and to make sure that we are e¤ectively measuring asymmetry and fat tails, we investigate four additional measures of skewness and kurtosis using high frequency data. In the …rst measure, the return drift is removed from the realized moments. A second measure uses jump-robust estimates of realized volatility to compute higher moments. The third measure is an enhanced version of the realized moment that uses the subsampling methodology suggested by Zhang, Mykland, and Ait-Sahalia (2005) to compute realized volatility. This subsampling methodology ensures that useful data are not ignored and provides a more robust estimator of the realized moment. The fourth approach uses percentiles of the high-frequency return distribution as alternative measures to capture skewness and kurtosis.
We …nd that the relation between realized kurtosis and stock returns is not always robust to di¤erent implementations. However, the negative relation between realized skewness and future stock returns is robust. For our sample, this is not the case for other measures of skewness.
Presumably our realized skewness measure provides a simpler and cleaner estimate of skewness, which therefore leads to economically and statistically strong results. Ang, Hodrick, Xing, and Zhang (2006) …nd that stocks with high idiosyncratic volatility earn low returns. Motivated by their …ndings, we further explore the relationship between realized skewness, idiosyncratic volatility and subsequent stock returns. We …nd that when idiosyncratic volatility increases, low skewness stocks are compensated with higher returns while high skewness stocks are compensated with lower returns. This pattern is stronger for small stocks. Therefore, skewness provides a partial explanation of the idiosyncratic volatility puzzle. We also show that similar …ndings obtain when using realized volatility instead of idiosyncratic volatility.
Our results build on the voluminous econometric literature on realized volatility, which is succinctly surveyed in Andersen and Benzoni (2009) . Schwert (1989) and Paye (2012) use daily returns to construct monthly and quarterly realized volatility and investigate economic drivers of the sec-3 ular variation in market volatility. Hsieh (1991) contains perhaps the …rst application of realized volatility in …nance using intraday data, and Andersen, Bollerslev, Diebold, and Ebens (2001) are among the …rst to the study realized volatility of individual equities. Fleming, Kirby, and Ostdiek (2003) are the …rst to apply realized volatility and correlation from intraday data in portfolio allocation. Recently, Bollerslev, Osterrieder, Sizova, and Tauchen (2012) have used realized volatility to asses the risk-return relationship and to forecast future market returns, and Corsi, Fusari, and La Vecchia (2013) use realized volatility to develop a new class of option valuation models. Our paper is the …rst to exploit the information in high-frequency data to compute …rm-level realized skewness and kurtosis as well as realized volatility. We also use these measures in a large-scale analysis of the cross-section of equity returns, using a cross-section of more than two thousand …rms each week during our …fteen-year sample.
The remainder of the paper is organized as follows. Section 2 estimates the weekly realized higher moments from intraday returns and constructs portfolios based on these moments. It also investigates the limiting properties of the realized higher moments. Section 3 computes raw and risk-adjusted returns on portfolios sorted on realized volatility, skewness, and kurtosis, and estimates Fama-MacBeth regressions including various control variables. Section 4 contains a series of robustness checks. Section 5 further explores the results by investigating double sorts on higher moments and other …rm characteristics, documenting the interaction of volatility, skewness, and returns, and discussing the links between our empirical results and extant theoretical and empirical results. Section 6 concludes.
Constructing Moment-Based Portfolios
In this section we …rst describe the data. We then show how the realized higher moments are computed and we investigate their limiting properties. Finally, we form portfolios by sorting stocks into deciles based on the weekly realized moments, and then report on the characteristics of these portfolios.
Data
We analyze every listed stock in the Trade and Quote (TAQ) database from January 4, 1993 to September 30, 2008. TAQ provides historical tick by tick data for all stocks listed on the New York Stock Exchange, American Stock Exchange, Nasdaq National Market System, and SmallCap issues.
Stocks with prices below $5 are excluded from the analysis. We record prices every …ve minutes starting at 9:30 EST and construct …ve-minute log-returns for the period 9:30 EST to 16:00 EST for a total of 78 daily returns. We construct the …ve minute grid by using the last recorded price within the preceding …ve-minute period. If there is no price in a period, the return for that period is set to zero.
To ensure su¢ cient liquidity, we require that a stock has at least 80 daily transactions to 4 construct a daily measure of realized moments. 1 The average number of intraday transactions per day for a stock is over one thousand. The weekly realized moment estimator is the average of the available daily estimators (Wednesday through Tuesday). Only one valid day of the realized moment is required to have a weekly estimator.
We use data from three additional databases. From the Center for Research and Security Prices (CRSP) database, we use daily returns of each …rm to calculate weekly returns (from Tuesday close to Tuesday close), historical equity skewness, market beta, lagged return, idiosyncratic volatility, maximum return over the previous week and month, and illiquidity; we use monthly returns to compute coskewness as in Harvey and Siddique (2000) ; 2 we use daily volume to compute illiquidity; and we use outstanding shares and stock prices to compute market capitalization. COMPUSTAT is used to extract the Standard and Poor's issuer credit ratings and book values to calculate book-tomarket ratios of individual …rms. From Thomson Returns Institutional Brokers Estimate System (I/B/E/S), we obtain the number of analysts that follow each individual …rm. These variables are discussed in more detail in Appendix A.
Computing Realized Higher Moments
We …rst de…ne the intraday log returns for each …rm. On day t, the ith intraday return is given by
where p is the natural logarithm of the price and N is the number of return observations in a trading day. The opening log price on day t is p t;0 and the closing log price on day t is p t;1 . We use …ve-minute returns so that in 6.5 trading hours we have N = 78.
The well-known daily realized variance (Andersen and Bollerslev (1998) and Andersen, Bollerslev, Diebold and Labys (2003) ) is obtained by summing squares of intraday high-frequency returns
As is standard, we do not estimate the mean of the high-frequency return because it is dominated by the variance at this frequency. See Section 4.1 for a robustness check.
Its model-free nature is an appealing characteristic of this volatility measure compared to other estimation methods (see Andersen, Bollerslev, Diebold, and Labys (2001) and Barndor¤-Nielsen and Shephard (2002) for details). Moreover, as we will discuss below, realized variance converges to a well-de…ned quadratic variation limit as the sampling frequency N increases.
Given that we are interested in measuring the asymmetry of the daily return's distribution, we construct a measure of ex-post realized daily skewness based on intraday returns standardized by the realized variance as follows
The interpretation of this measure is straightforward: negative values indicate that the stock's return distribution has a left tail that is fatter than the right tail, and positive values indicate the opposite.
We are interested in extremes of the return distribution more generally, and so we also construct a measure of realized daily kurtosis de…ned by
The limits of the third and fourth moment when the sampling frequency N increases will be analyzed below as well. The scaling of RDskew t and RDKurt t by p N and N ensures that their magnitudes correspond to daily skewness and kurtosis.
Our cross-sectional asset pricing analysis below is conducted at the weekly frequency. We therefore construct weekly realized moments from their daily counterparts as follows. If t is a Tuesday then we compute
RDKurt t i :
Our cross-sectional analysis below is conducted at the weekly frequency and t will therefore denote a week from this point on. Note that, as is standard, we have annualized the realized volatility measure to facilitate the interpretation of results.
We compute the RV ol t , RSkew t , and RKurt t for more than two million …rm-week observations during our January 1993 to September 2008 sample period. Figure 1 summarizes the realized moments. The top-left panel of Figure 1 displays a histogram of the realized volatility measure pooled across …rms and weeks. As often found in the realized volatility literature, the unconditional distribution of realized equity volatility is right-skewed. The top-right panel in Figure 1 shows the time-variation in the cross-sectional percentiles using three-month moving averages. The crosssectional dispersion in realized equity volatility is clearly not constant over time and seems to have decreased through our sample period.
The middle-left panel of Figure 1 shows the histogram of realized equity skewness. The skewness distribution is very fat-tailed and strongly peaked around zero. The middle-right panel of Figure 1 shows the time-variation in the cross-sectional skewness percentiles. The cross-sectional dispersion in realized equity skewness has increased through our sample.
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The bottom-left panel of Figure 1 shows the histogram of realized equity kurtosis. Similar to realized volatility, realized kurtosis appears to be approximately log-normally distributed. The vast majority of our sample has a kurtosis above 3, strongly suggesting fat-tailed returns. The bottomright panel of Figure 1 shows that the cross-sectional distribution of realized equity kurtosis has become more disperse over time, matching the result found for realized skewness.
Figure 1 reveals interesting patterns in the cross-sectional distribution of higher moments over time. We attempt to exploit these patterns for cross-sectional equity pricing in Section 3. First, in order to anchor our analysis, we investigate the limiting properties of higher order moments computed from high-frequency data.
Limiting Properties of Realized Moments
The limiting properties of realized variance have been studied in detail in the econometrics literature, however, much less is known about realized skewness and kurtosis. In this section, we therefore investigate the realized moments under the assumption that the underlying continuous time price process follows a jump-di¤usion process with stochastic volatility.
Assume that the log-price p of a security evolves according to the stochastic equation
where is a locally bounded predictable drift process, is a positive càdlàg process, and J is a pure jump process, and where without loss of generality p 0 = 0. , Bollerslev, Diebold and Labys (2003) show the following general limit result as the sampling frequency N goes to in…nity for realized variance from time 0 to T
Andersen
where p s = p s p s denotes the change in the log-price due to a jump. This limit as the sampling frequency goes to in…nity contains two elements: the integrated variance as well as the sum of squared jumps. We see that the simple realized variance based on …ve minute returns in equation (2) contains both volatility and jumps in the limit.
For the realized third moment, the results in Barndor¤-Nielsen, Kinnebrock, and Shephard (2010) and Jacod (2012) can be used to show that
This result is important in two respects: First, it shows that the realized third moment in the limit separates the jump contribution from the continuous contribution to cubic variation and it captures just the jump part. It does not for example capture skewness arising from correlation 7 between return and variance innovations (the "leverage" e¤ect). Second, it shows that the sign of the average jump size is captured: Firms with on average positive jumps will have a positive realized third moment and vice versa.
For the realized fourth moment, Barndor¤-Nielsen and Shephard (2004) and Jacod (2012) show
We see again that the fourth realized moment in the limit captures the jump component but not the continuous component to quartic variation. The continuous component could for example arise from volatility of volatility in the price process. The fourth power in the limit expression of course implies that positive and negative jumps are treated equally so that only the magnitude of jumps is captured, and not their direction.
We conclude from these general results for the third and fourth realized moments that we may expect very di¤erent estimates of skewness and kurtosis depending on the frequency of data used to estimate these moments. Skewness estimates from moving windows of daily or weekly data are likely to have di¤erent averages than skewness measures constructed from intraday data. This is in sharp contrast to the second moment, where using higher-frequency returns yields more and more e¢ cient estimates of the same population values as …rst noted by Merton (1980) . Thus the sample means of variances estimated using intraday, daily or weekly data should be roughly similar even if they contain increasing levels of noise.
To …x ideas, consider an example where the log price of a security evolves according to the particular a¢ ne stochastic di¤erential equation
where is the drift parameter, is the mean reversion speed to the long-term volatility mean , and is the di¤usion coe¢ cient of the volatility process V t . W
(1) t and W (2) t denote two standard
Brownian motions with correlation , and N t is an independent Poisson process with arrival rate . The jump size J is distributed N J ; 2 J . The value for J is set to exp J + 2 J =2 1.
For this process, the limits of the expected value of the realized moments are given by
These results con…rm the intuition from the general case. Consistent with equations (9), (10), and (11), while the second moment contains both jump and di¤usion parameters, the third and fourth moments depend exclusively on jump parameters. It is important once again to note that whereas realized variance converges to the total quadratic variation of the process, our realized skewness and kurtosis estimates do not converge to the total cubic and quartic variation. Total cubic variation includes di¤usive skewness arising for example from the correlation between the two Brownian innovations. Total quartic variation includes di¤usive kurtosis arising from volatility of volatility which is captured by the parameter . In the limit, our measures pick up the contribution to skewness and kurtosis from jumps only. Total cubic and quartic variation can only be estimated from long samples of low-frequency returns or by using options to retrieve risk-neutral moments as in Neuberger (2012) and Conrad, Dittmar, and Ghysels (2013) who rely on the methodology in Bakshi, Kapadia, and Madan (2003) . The conclusion is once again that skewness (and kurtosis) measures computed from high-frequency data are likely to contain di¤erent information from those computed from daily data or from options. We discuss these di¤erences in detail in Section 4.4.
In Appendix C we provide Monte Carlo evidence on the …nite-sample properties of RM (j)
in the presence of market microstructure noise and discontinuities in quoted prices. The results
show that the …nite-sample moment estimates are well behaved. Armed with the knowledge of well-de…ned limits, as well as the satisfactory …nite sample properties of our moment estimates, we are now ready to assess the ability of our realized higher moments to explain the cross-section of equity returns.
Portfolio Sort Characteristics
Each Tuesday, we form portfolios by sorting stocks into deciles based on the weekly realized moments. Table 1 reports the time-series sample averages for the moments and di¤erent …rm characteristics, by decile. Panel A reports the time-series averages for realized volatility, Panel B for realized skewness, and Panel C for realized kurtosis. Column 1 contains the portfolio of stocks with the smallest average realized moment, and column 10 contains the portfolio of stocks with the highest realized moment. The characteristics include …rm size, book-to-market ratio, realized volatility over the previous week, historical skewness using daily returns from the previous month, market beta from the market model regression, lagged return, illiquidity as in Amihud (2002) , coskewness as in Harvey and Siddique (2000) , idiosyncratic volatility as in Ang, Hodrick, Xing, and Zhang (2006) , the number of analysts from I/B/E/S, credit rating, stock price, the number of intraday transactions, and the number of stocks per decile. On average there are 257 companies per decile each week. shows that the variation in realized volatility (left column) and realized kurtosis (right column) is robustly related to the cross-sectional variation in size, book to market, and market beta. Over time, realized volatility tends to be consistently highest for …rms with small market caps, low book to market and high market betas. Realized kurtosis tends to be consistently high for small caps, high book to market …rms, and low beta …rms. While these general patterns may not generally be surprising, the high and increasing realized kurtosis for low beta …rms is perhaps not expected.
It may partly explain the high rewards for holding low beta stocks as recently documented by Frazzini and Pedersen (2012) . The change in the cross-sectional distribution of realized volatility by market capitalization in the top left panel is interesting as well. In the early part of the sample the volatility of small caps is roughly …ve times that of large caps, whereas at the end of the sample their volatility levels are almost identical.
In sharp contrast to volatility and kurtosis, the variation in skewness seems largely unrelated to the three well-known determinants of returns studied in Figure 2 . These results suggest that skewness may have the most potential of the three moments to serve as a new independent driver of variation in expected return in the cross section. This is the topic to which we now turn.
Realized Moments and the Cross-Section of Stock Returns
In this section, we …rst analyze the relationship between the current week's returns and the previous week's realized volatility, realized skewness, and realized kurtosis. Subsequently, we use the Fama and MacBeth (1973) methodology to conduct cross-sectional regressions, and to determine the signi…cance of each higher realized moment individually and simultaneously. We also use these cross-sectional regressions to control for other …rm-speci…c determinants of returns.
Sorting Stock Returns on Realized Volatility
Every Tuesday, stocks are ranked into deciles according to their realized volatility. Then, using returns over the following week, we construct value-and equal-weighted portfolios. Table 2 , Panel A reports the time series average of weekly returns for decile portfolios based on the level of realized volatility.
The value-weighted returns decrease from 20 basis points for decile 1 to 8 basis points for decile 10. On the other hand, equal-weighted returns increase from 22 basis points to 27 basis points.
Thus, the returns of the long-short portfolio, namely one that buys stocks in decile 10 and sells stocks in decile 1, are negative for value-weighted portfolios and positive for equal-weighted ones.
The negative relation between individual volatility and stock returns for value-weighted portfolios is consistent with Ang, Hodrick, Xing, and Zhang (2006) . However, neither the value-weighted nor the equal-weighted long-short portfolios are statistically signi…cant, and this is the case for raw returns as well as for alphas from the Carhart four factor model. The four factor model employs the three Fama and French (1993) factors (excess market-return, size and book-to-market) and the Carhart (1997) momentum factor.
We conclude that in our sample, realized volatility and next week's stock returns are not robustly related when using our measure of realized volatility. The value-weighted and equal-weighted returns both show a decreasing pattern between realized skewness and the average stock returns over the subsequent week. The return for the portfolio of stocks with the lowest level of skewness is 40 basis points for value-weighted portfolios and 55 basis points for equal-weighted portfolios, while the returns for stocks with the highest level of realized skewness is 17 basis points for value-weighted and 12 for equal-weighted portfolios. The weekly return di¤erence between portfolios 10 and 1 is 24 basis points for value-weighted returns and 43
Sorting Stock Returns on Realized Skewness
for equal-weighted returns. Both di¤erences are statistically signi…cant at the one percent level.
This result is consistent with recent theories stating that stocks with lower skewness command a risk premium. For prominent examples, see Barberis and Huang (2008) and Mitton and Vorkink (2007) . The equal-weighted return di¤erence is larger than the value-weighted return di¤erence, suggesting that the relationship between skewness and subsequent returns is larger for small …rms.
We also assess the empirical relationship between realized skewness and stock returns by adjusting for standard measures of risk. Panel B of Table 2 presents, for each decile, alphas relative to the Carhart four factor model. Note that alphas are large and statistically signi…cant for value-and equal-weighted portfolios across deciles. In addition, the di¤erence between the alphas of the tenth and …rst deciles is 24 and 44 basis points for value-and equal-weighted portfolios, respectively.
Most alphas are estimated to be positive, which may re ‡ect transaction costs (Lesmond, Ogden, and Trzcinka (1999) ) or the construction of the factors (Cremers, Petajisto, and Zitzewitz (2010)).
Our long-short skewness returns are also large when compared with the standard four factor returns. In our sample the weekly return on the market factor is 12 basis points per week, the size factor return is 2 basis points, the value factor return is 10 basis points, and momentum yields 20 basis points per week on average.
In conclusion, we …nd strong evidence of a negative cross-sectional relationship between realized skewness and future stock returns. Realized skewness is an important determinant of the crosssectional variation in subsequent one-week returns, and its e¤ect is not captured by standard measures of risk.
Sorting Stock Returns on Realized Kurtosis
Panel C of Table 2 documents the average next-week stock returns for decile portfolios based on realized kurtosis. Value-weighted and equal-weighted portfolio returns both increase with the level of realized kurtosis. For value weighted portfolios, decile 1 has an average weekly return of 17 basis points, compared to 31 basis points for decile 10. Thus, the long-short portfolio generates a return of 14 basis points with a t-statistic of 2:12. A similar result is found for the equal-weighted portfolio, where the long-short realized kurtosis premium equals 16 basis points with a t-statistic of 2:98.
The estimates for the Carhart four-factor alpha are smaller and less statistically signi…cant compared to those for the raw returns. The value-weighted alpha for the long-short portfolio is 7 basis points and the equal-weighted alpha is 8 basis points. The equal-weighted alpha is signi…cant at the 5% level, while the value-weighted alpha is not signi…cant.
Comparing Panels A, B, and C of Table 2 , we conclude that, while the evidence suggests a positive relation between realized kurtosis and returns, realized skewness appears to be the most reliable moment-based indicator of subsequent one-week equity returns in the cross section.
Fama-MacBeth Regressions
To further assess the relationship between future returns and realized volatility, realized skewness, and realized kurtosis, we carry out various cross-sectional regressions using the method proposed in Fama and MacBeth (1973) . Each week t, we compute the realized moments for …rm i and estimate the following cross-sectional regression:
where r i;t+1 is the weekly return (in bps) of the ith stock for week t + 1, and where Z i;t represents a vector of characteristics and controls for the ith …rm observed at the end of week t: The characteristics and controls included are …rm size, book-to-market, market beta, lagged return, historical skewness, idiosyncratic volatility, coskewness, maximum monthly return (in bps), maximum weekly return (in bps), number of analysts, illiquidity, and number of intraday transactions. Table 3 reports the time-series average of the and coe¢ cients for …ve cross-sectional regressions. The …rst column presents the results of the regression of the stock return on lagged realized volatility. The coe¢ cient associated with realized volatility is 5:9 with a Newey-West t-statistic of 0:43. This con…rms that there does not seem to be a signi…cant relationship between realized volatility and stock returns. The second and third columns con…rm the relation between the stock return and lagged realized skewness and realized kurtosis respectively. In column 2, the coe¢ cient associated with realized skewness is 22:4 with a Newey-West t-statistic of 7:92. Similarly, in column 3, the coe¢ cient on realized kurtosis is 1:25 with a t-statistic of 3:39. In the fourth column, we report regression results using all higher moments simultaneously. The coe¢ cients on lagged realized skewness and realized kurtosis remain statistically signi…cant, and are again negative and positive respectively. The third and fourth realized moments appear to explain di¤erent aspects of stock returns.
In the last column, we add the control variables to ensure that realized skewness and realized kurtosis are not a manifestation of previously documented relationships between …rm characteristics and stock returns. Some control variables are related to the illiquidity and visibility of individual stocks. This includes the number of intraday transactions, the measure of illiquidity proposed in Amihud (2002) , and the number of analysts following a stock (see Arbel and Strebel (1982) ). We also control for the previously documented relationships between stock returns and …rm characteristics, such as idiosyncratic volatility (Ang, Hodrick, Xing, and Zhang (2006) ), the maximum daily return over the previous month (Bali, Cakici, and Whitelaw (2009) ), lagged weekly return (Lehmann (1990) ), and the stock's coskewness as measured by the variability of the stock's return with respect to changes in the level of volatility following Harvey and Siddique (2000) . Because our data are weekly, we also include the maximum daily return over the previous week as a robustness check. Finally, we control for the market beta computed with a regression using daily returns on the market over the previous 12 months.
We …nd that the coe¢ cients of realized skewness and realized kurtosis are still signi…cant when including the control variables in the last column of Table 3 , with Newey-West t-statistics of 6:90
and 1:91, and preserve their signs with coe¢ cients of 12:7 and 0:61, respectively. The absolute 13 value of the point estimates is smaller for both skewness and kurtosis compared to columns (2)-(4), suggesting that some of the cross-sectional patterns documented in Table 2 overlap with some of the control variables. Table 3 indicates that control variables such as realized volatility, idiosyncratic volatility, and coskewness do not play a signi…cant role in the cross-section of returns at a weekly level, while variables such as size, lagged return, and maximum return are relevant. The negative sign on the coe¢ cients related to size and lagged return and the positive sign of the coe¢ cient related to book-to-market con…rm existing results in the literature.
In summary, Table 3 demonstrates that the economic and statistical signi…cance of realized skewness for the cross-section of weekly returns is robust to the inclusion of various control variables. Table 3 is also supportive of the relation between realized kurtosis and subsequent returns. The estimated sign on realized kurtosis is consistent with the evidence in Table 2 , but the results in Table 3 are stronger. This is not necessarily surprising: sorts as in Table 2 are more intuitive, but the more formal regressions in Table 3 capture linear relationships better.
Robustness Analysis
In this section, we further explore the relation between realized moments and stock returns. First, we investigate the relation between current-week realized moments and next-week returns for driftadjusted realized moments. Second, we investigate if our …ndings on skewness and kurtosis continue to hold up when using jump-robust realized volatility estimators. Third, we investigate alternative measures of realized skewness. Fourth, we further investigate historical skewness estimated on daily returns. Fifth, we look at long-short returns for di¤erent subsets of our data. Sixth, we use monthly rather than weekly holding periods for returns.
Drift-Adjusted Realized Moments
The computation of daily realized volatility, realized skewness, and realized kurtosis in equations (2), (3) and (4) assumes that the 5-minute mean return is zero. This is a standard assumption for such short time intervals. However, because the resulting skewness measure may capture the reversal e¤ect, it is imperative to check if our results are robust to changing this assumption. To ensure that our measures are not contaminated by the weekly return, we de…ne the following daily realized measures adjusted for the drift:
The notation w(t);i re ‡ects that for any given day t in a given week and for any stock i, the average return for that day (scaled to 5 minutes) is computed using all days in that week, to obtain more precise estimates. The weekly realized moments, RV ol drif t , RSkew drif t , RKurt drif t ; are then computed using equations (5), (6) and (7) with the drift-adjusted daily moments.
Panel A of Table 4 reports the time-series average of weekly returns for decile portfolios grouped by RSkew drif t : The equal-and value-weighted long-short returns are negative and statistically signi…cant. The value weighted long-short return is 14:10 basis points with a t-statistic of 2:51.
Equal-weighted long-short returns are larger. The Carhart four factor long-short alphas are very similar to the long-short raw return.
Panel B of Table 4 reports the time-series average of weekly returns for decile portfolios grouped by RKurt drif t : The equal-and value-weighted long-short returns are positive. However, the Carhart four factor long-short alpha is not signi…cant for value-weighted returns. We do not report on RV ol drif t because the results are very similar to Table 2 and therefore inconclusive.
We also run the two-step Fama-MacBeth regressions using the drift-adjusted moments. Table 5 repeats the …ve regressions of Table 3 with the drift-adjusted realized moments. In columns (1)-(3), we run the univariate regressions for the new realized volatility, skewness, and kurtosis measures. In column (4), we use the three moments jointly. Finally, column (5) includes all the control variables used in Table 3 . The coe¢ cients on the drift adjusted realized skewness are negative and highly statistically signi…cant in all regressions. Similarly, the coe¢ cients for realized kurtosis adjusted by drift are positive and statistically signi…cant in all regressions.
Higher Moments with Jump-Robust Realized Volatility Estimators
For the class of a¢ ne jump-di¤usion models often considered in the volatility literature, the limit of the sum of intraday squared returns in (2) can be written as the sum of jump variation and integrated variance. The realized variance estimator used in the empirics so far therefore captures both jumps and di¤usive volatility in the limit. This does not invalidate it as an ex-post measure for the total daily quadratic variation, but it does suggest a robustness exercise using measures that separate jump variation and integrated variance.
Several volatility estimators that are robust to the presence of jumps have been developed in the literature. They are designed to only capture integrated variance in the limit. The so-called bipower variation estimator of Barndor¤-Nielsen and Shephard (2004) is de…ned by
jr t;i+1 j jr t;i j which converges in the limit to integrated variance, even in the presence of jumps.
Motivated by the presence of large jumps that may bias upward the bipower variation measure in realistic settings when N is …nite, Andersen, Dobrev and Schaumburg (2010) have recently developed two alternative jump-robust estimators, de…ned by
min fjr t;i j ; jr t;i+1 jg 2 ; and
median fjr t;i 1 j ; jr t;i j ; jr t;i+1 jg 2 .
These estimators will also both converge to the integrated variance when N goes to in…nity and in the presence of large jumps they typically have better …nite sample properties than BP V t .
To assess the robustness of our cross-sectional return results, Table 6 reports the value-weighted and equal-weighted weekly returns of the di¤erence between portfolio 10 (highest realized moment) and portfolio 1 (lowest realized moment) when using the three alternative realized volatility estimators, BP V t , M inRV t , and M edRV t . To facilitate comparisons, the …rst column of Table 6 uses the standard RV ol t from (5) and thus reproduces the last column of Table 2 . Each panel in Table   6 reports the value-weighted and the equal-weighted long-short returns. Alpha is again computed using the Carhart four factor model.
Panel A in Table 6 reports the long-short results for the three alternative realized volatility estimators. We …nd that the insigni…cant relationship between return and volatility remains when alternative estimators of realized volatility are used.
Panel B in Table 6 shows the long-short results for realized skewness when scaling by the three alternative realized volatility estimators. We see that the strong negative relationship between realized skewness and returns found in Table 2 is robust to changing the denominator in
to be any of the three jump-robust volatility estimators de…ned in this section.
Panel C in Table 6 presents results for realized kurtosis when scaling by the three alternative realized volatility estimators. Point estimates for the long-short returns and alphas are positive, but results for value-weighted alphas are not statistically signi…cant.
We conclude that the strong negative relationship between realized skewness and subsequent returns in the cross-section is not an artefact of a particular measure of realized volatility. The results hold up when we use estimators of realized volatility that are jump-robust. Consistent with our other …ndings, the results for realized kurtosis are less robust, even though the overall evidence suggests a positive relationship.
Alternative Measures of Realized Skewness
We now investigate the robustness with respect to the implementation of realized skewness by analyzing two alternative estimators. The …rst estimator, SubRSkew; uses the subsampling methodology suggested by Zhang, Mykland, and Ait-Sahalia (2005), which provides measures robust to microstructure noise. This method consists of constructing subsamples that are spaced every 5 minutes. Instead of one realized measure based on a single …ve-minute return grid, we thus have six estimators of realized skewness using subsamples of 30-minute returns for the period 9:30 EST to 16:00 EST. Subsamples start every …ve minutes (at 9:00, 9:05, 9:10, 9:15, 9:20 and 9:25), but employ 30-minute returns. Subsequently, the realized skewness estimator is computed as the average of the six (overlapping) estimators obtained from the subsamples. Additionally, we compute SubRSkew drif t using the subsampling methodology on the drift adjusted realized measures described in the previous section.
The second alternative estimator of intraday skewness depends solely on quartiles from the intraday return distribution. As proposed in Bowley (1920) , a measure of skewness that is based on quartiles can be de…ned as
where Q i is the i th quartile of the …ve-minute return distribution.
Panel A of Table 7 includes our results for RSkew from Table 2 , as well as results for the estimators SubRSkew and SubRSkew drif t which are based on the subsampling methodology suggested by Zhang, Mykland, and Ait-Sahalia (2005), and for the SK2 measure based on quartiles in (22).
We also include simple historical skewness computed using daily returns over di¤erent horizons.
The problem with computing historical skewness from daily returns is well-known: one needs a su¢ ciently long window to capture outliers that identify skewness, but longer windows may lead to arti…cial smoothness in the resulting skewness series. We report results for …ve-days, one-month, six-months, one-year, two-year, and …ve-year historical skewness.
Panel A of Table 7 documents statistically signi…cant negative value-weighted long-short returns for the alternative measures SubRSkew, SubRSkew drif t , and SK2. The long-short return is smaller for the SK2 and SubRSkewdrif t measures, but it is much larger for SubRSkew compared with the RSkew measure. The subsampling skewness measure, SubRSkew, has a long-short raw valueweighted return of 47 basis points and a Carhart alpha of 51 basis points with t-statistics of 5:80 and 6:38. The subsampling skewness adjusted by drift has a premium of 18 basis points with a t-statistic of 2:74 and a Carhart alpha of 22 basis points with a t-statistic of 3:24.
We conclude that all measures of realized skewness yield statistically signi…cant negative longshort alphas.
Low Frequency Measures of Skewness
In this section we investigate the cross-sectional pricing of historical skewness computed from daily returns. This is not a robustness check per se, but rather an investigation of the di¤erential information on skewness in high-frequency versus daily data.
We compute six di¤erent measures of historical skewness using daily data: HSkew 5D uses a moving window of …ve trading days to compute skewness, HSkew 1M uses one month of daily data, etc. The longest window is used in HSkew 60M , which uses 60 months of daily data. The six measures of historical skewness in Panel B of Table 7 yield very di¤erent results from the realized skewness measures in Panel A: Using …ve-days and one-month windows, long-short returns and alphas are positive and statistically signi…cant, consistent with the coe¢ cient on historical skewness in Table 3 , which is obtained using one month of daily data. For the other four measures, results are usually not statistically signi…cant. Only the 60-month window yields negative (but not signi…cant) long-short returns and alphas. In summary, we …nd that the value-weighted results for historical skewness critically depend on the window used to compute skewness. The equal-weighted returns yield more negative long-short returns. We only get a statistically signi…cant negative alpha when using a sixty-month window.
Contrasting Panel B with Panel A in Table 7 highlights the importance of the limiting results from Section 2.3: Skewness measures computed from high-frequency data capture jumps and contain di¤erent information from skewness measures computed from daily data. It is therefore not surprising that the return premia from sorting stocks on low-frequency HSkew measures yield are di¤erent from the return premia from sorting stocks on high-frequency RSkew measures. These results suggest a need for asset pricing models with di¤erential risk premia on the di¤usive and jump components of skewness.
Zhang (2006) 
Subsamples
Panel A of Table 8 reports value-and equal-weighted returns of portfolios sorted on realized skewness across di¤erent subsamples. Keim (1983) documents calendar-related anomalies for the month of January, in which stocks have higher returns than in the rest of the year. Panel A of Table   8 presents the average weekly returns for the month of January and for the rest of the year for both value-and equal-weighted portfolios. As expected, returns for the month of January are consistently higher than returns for the rest of the year.
The di¤erence between the returns of portfolios with high-skewness stocks and portfolios with low-skewness stocks is negative and signi…cant for both January and non-January periods. This is the case for value-weighted as well as equal-weighted portfolios.
We previously documented that stocks with high and low levels of skewness tend to be small.
Hence, we examine if the e¤ect of skewness is exclusively driven by small NASDAQ stocks. By only including stocks from the New York Stock Exchange (NYSE), row 3 of Table 8 shows that the e¤ect of realized skewness is present among NYSE stocks. Hence, small NASDAQ stocks are not driving our results.
In Table 8 , Panel B, we analyze the value-weighted and equal-weighted returns of portfolios sorted on realized kurtosis for di¤erent subsamples. The long-short portfolio returns are positive for all subsamples. As expected, in January the long-short portfolio earns higher returns compared to the rest of the year. We also con…rm that the e¤ect of realized kurtosis is not driven by small NASDAQ stocks. For value-weighted portfolios the realized kurtosis premium is positive, but often not statistically signi…cant, again indicating that the cross-sectional relationship between realized kurtosis and future returns is less robust than the one documented for realized skewness.
We omit results for realized volatility across subsamples because they con…rm the results of Table 2 , and we do not …nd a robust pattern.
Monthly Returns
Thus far our empirics have been based on weekly returns and weekly realized moments. In this section we keep the weekly frequency when computing realized moments but we increase the return holding period from one week to one month. Table 9 contains the results for overlapping monthly returns. As for the weekly returns in Table 2 , we report the returns of decile portfolios formed from realized moments, and the return di¤erence between portfolio 10 (highest realized moment) and portfolio 1 (lowest realized moment).
Each panel reports on both value-weighted and equal-weighted portfolios and include t-statistics computed from robust standard errors. Alpha is again computed using the Carhart four factor model.
The strong negative relationship between realized skewness and returns in Table 2 is con…rmed when using monthly returns. This relationship is signi…cant for raw returns as well as alphas, and for value-weighted and equal-weighted portfolios.
We repeat this analysis for realized volatility and kurtosis. Volatility yields a negative sign and kurtosis a positive sign. The results for volatility are not statistically signi…cant, and kurtosis yields signi…cant results for returns but not for alphas. Again we do not report these results to save space; they are available on request.
Exploring the Results
In this section, we further analyze the interaction between realized moments and other …rm characteristics using double sorts. Subsequently we pay special attention to the interaction between realized skewness, realized volatility, and the cross-section of returns. Finally, we relate our results to the existing empirical and theoretical literature.
Realized Moments and Firm Characteristics
This section further analyzes the interaction between realized moments and other …rm characteristics. Consider size as an example. While anomalies for small …rms may be interesting, Fama and French (2008) point out that to ensure the general validity of an anomaly, small (microcaps), medium, and large …rms ought to all exhibit the anomaly. We use an independent double sorting methodology to analyze the realized skewness premium and the realized kurtosis premium for …ve di¤erent size portfolios. We sort stocks into quintiles by size and by realized skewness. Using the intersection of both characteristics, we compute value-and equal-weighted returns for the resulting twenty-…ve portfolios. Row 1 of Table 10 reports the return from being long the highest skew portfolio and short the lowest skew portfolio conditional on di¤erent …rm size. This methodology yields a realized skewness premium conditional on size, and allows us to assess if the realized skewness premium is economically signi…cant for all size levels. We also provide a similar analysis for the following …rm characteristics: market beta, lagged return, BE/ME, realized volatility, historical skewness, illiquidity, number of intraday transactions, maximum return over the previous month, number of I/B/E/S analysts, idiosyncratic volatility, and coskewness.
Again using size in row 1 as an example, the realized skewness value-weighted premium of 75 basis points for quintile 1 can be earned by buying small stocks (microcaps) with high realized skewness and selling small stocks with low realized skewness. For big …rms in quintile 5, the corresponding premium is 29 basis points. All …ve size groups exhibit the realized skewness anomaly, but the premium is larger for small stocks. This …nding explains why the e¤ect of realized skewness is weaker for value-weighted portfolios when compared to equal-weighted portfolios, as evident in Table 2 . The stronger negative e¤ect of skewness for small …rms is also consistent with Chan, Chen, and Hsieh (1985) , who show that there are risk di¤erences between small and large …rms. The realized skewness premium and t-statistics are of similar magnitude for equal-weighted returns.
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According to Fama and French's criterion, the evidence in favor of the skewness premium is overwhelming. Table 10 indicates that the realized skewness premiums are negative in all but one case, and statistically signi…cant for almost all cases, for value-weighted and equal-weighted portfolios. The relationship between realized skewness and subsequent returns is robust to all …rm characteristics and is not a proxy for any of them.
We also performed a double sort on realized kurtosis and …rm characteristics. The results indicate that while the long-short return is positive in the large majority of cases, the results are not as strong as for skewness in Table 10 . This con…rms our other …ndings, and we therefore do not report the results to save space. They are available on request.
Realized Skewness and Realized Volatility
We now further examine the interaction between the e¤ects of realized skewness and realized volatility on returns. We construct portfolios using a double sort on realized skewness and realized volatility and then examine subsequent stock returns. First, we form …ve quintile portfolios with di¤erent levels of realized skewness. Within each of these portfolios, we form …ve portfolios that have di¤er-ent levels of realized volatility. Our …ndings are consistent with the mechanics of the equilibrium model in Colacito, Ghysels, and Meng (2012), which contains an interaction between second and third moments. As positive asymmetry increases, volatility is welfare increasing as it implies a larger probability of an extremely good state of the economy. The opposite is true for the case of negative skewness, since higher volatility increases the likelihood of a left tail event.
We conclude that it is important to account for skewness when analyzing the return/volatility relationship. Highly volatile stocks may earn low returns, which seems counterintuitive, but the reason is that their skewness is high, especially for small stocks. 4
Realized Skewness and Idiosyncratic Volatility
Building on our …ndings regarding volatility and skewness, we now investigate whether realized skewness can explain the idiosyncratic volatility puzzle uncovered by Ang, Hodrick, Xing, and Zhang (2006) . They …nd that stocks with high idiosyncratic volatility earn lower returns than stocks with low idiosyncratic volatility, contradicting the implications of mean-variance models.
We …rst replicate the results for the idiosyncratic volatility puzzle in Ang, Hodrick, Xing, and
Zhang (2006) for our sample. We do not report the detailed results, they are available on request.
For value-weighted portfolios, we …nd a weekly premium of 0:24% with a t-statistic of 1:73 for the period 1993-2008. This result is comparable to that of Ang, Hodrick, Xing, and Zhang (2006) who …nd a monthly premium of 1:06% with a t-statistic of 3:10 for the period 1963-2000. We also obtain negative estimates for equal-weighted portfolios, but the results are not statistically signi…cant.
To study the interaction between realized skewness and idiosyncratic volatility on stock returns we employ double sorting. Panel B of Figure 3 shows the returns of the 25 equal-weighted portfolios for di¤erent levels of idiosyncratic volatility. Just as with realized volatility in Panel A of Figure   3 , high idiosyncratic volatility is compensated with high returns only if skewness is low. Investors are willing to accept low returns and high idiosyncratic volatility in exchange for high positive skewness. For value-weighted portfolios, the pattern is less prominent.
These results suggest that investors may trade high idiosyncratic volatility and low returns for high skewness, because they like positive skewness. Preference for skewness may explain some aspects of the idiosyncratic volatility puzzle, but this explanation is clearly related to …rm size.
Further Discussion
We now discuss the relationship between our empirical results and the extant theoretical and empirical literature in more detail.
The theoretical relationship between higher moments and stock returns has been a topic of study since Kraus and Litzenberger (1976) , who show theoretically that coskewness is a determinant of the cross-section of stock returns. Going beyond co-moments, di¤erent types of theoretical arguments suggest that assets'(idiosyncratic) skewness may explain asset returns. Barberis and Huang (2008) demonstrate that assets with greater skewness have lower returns when investors make decisions according to cumulative prospect theory. Mitton and Vorkink (2007) obtain a similar result for expected skewness when investor preferences for skewness are heterogeneous. Both papers predict a negative relationship between an asset's skewness and its return. 5 To the best of our knowledge no such theoretical results are available for kurtosis. 6 low returns and high volatility only because they enjoy the high positive skewness o¤ered by these bets. 5 The optimal expectations framework of Brunnermeier, Gollier, and Parker (2007) also predicts a relationship between skewness and returns, but the sign can be positive or negative dependent on how investors under-or overweigh the tails.
6 Dittmar (2002) establishes decreasing absolute prudence as a condition for a positive premium for co-kurtosis,
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Our empirical results on realized skewness are consistent with theory and with the empirical results in Boyer, Mitton, and Vorkink (2010) , who …nd that stocks with higher expected idiosyncratic skewness yield lower future returns. Grouping stocks by industry, Zhang (2006) In our benchmark results in Table 2 , the long-short value-weighted portfolio sorted on realized skewness produces an average weekly return and four factor Carhart risk adjusted alpha of 24 basis points. This exceeds the premiums reported in Boyer, Mitton, and Vorkink (2010) and in
Zhang (2006), which are 67 and 36 basis points per month, respectively. While our robustness exercises sometimes yield smaller long-short portfolio returns, it is remarkable that we always obtain a negative estimate which is almost always statistically signi…cant. In contrast, as discussed in Section 4.4, our implementation of the Zhang (2006) We have not addressed the measurement of expected skewness. We follow the approach used by Ang, Hodrick, Xing, and Zhang (2006) in the volatility literature, who sort the stocks based on volatility, and investigate subsequent returns. The underlying assumption is that the volatility in week t is a good measure for the expected volatility in week t + 1. However, Fu (2009) repeats the analysis of Ang, Hodrick, Xing, and Zhang (2006) using GARCH volatility as a measure of expected volatility, and …nds that the results are sensitive to this. It is not straightforward to extend this type of analysis to skewness and kurtosis. Unlike volatility, skewness is not very persistent, and the modeling of conditional skewness is well-known to be challenging (Harvey and Siddique (1999) ). Of course, using ex post realized skewness as a measure of expected skewness is not a solution either, because it is a noisy measure, and because the noise may simultaneously a¤ect ex post returns and skewness. In summary, the relationship between realized skewness and expected skewness is of great interest, but it is a challenging problem.
We have also not addressed several other interesting extensions of our analysis. We have analyzed the cross-section of equity returns, but we have not investigated if realized higher moments are useful for time-series forecasting of future returns. A direct comparison of realized skewness and realized semivariance, proposed by Barndor¤-Nielsen, Kinnebrock, and Shephard (2010) and but we are not aware of results establishing a premium for kurtosis.
related to realized skewness, may also be of interest. Patton and Sheppard (2011) demonstrate that realized semivariance leads to improved forecasts of future volatility, which also suggests that realized skewness may be of interest for forecasting future volatility. Finally, it may prove interesting to repeat our exercise using jump estimates constructed from high-frequency data, as in Li (2012) .
Conclusion
We document the cross-section of realized higher moments. We introduce model-free estimates of higher moments based on the methodology used by Hsieh (1991) and Andersen, Bollerslev, Diebold, and Ebens (2001) to estimate realized volatility. We use …ve-minute returns to obtain daily measures of higher moments, and subsequently aggregate this measure up to the weekly frequency. We …nd considerable time-variation in the cross-sectional distribution.
We then investigate the cross-sectional relationship between realized higher moments of individ- We analyze the relationship between realized skewness and realized volatility in more detail.
When double sorting on realized skewness and volatility, we …nd that stocks with negative skewness are compensated with high future returns for higher volatility. However, as skewness increases and becomes positive, the positive relation between volatility and returns turns into a negative relation. We conclude that investors may accept low returns and high volatility because they are attracted to high positive skewness. We perform a similar analysis for realized skewness and idiosyncratic volatility, and …nd that skewness may help explain the idiosyncratic volatility puzzle in Ang, Hodrick, Xing, and Zhang (2006) , who document that stocks with high idiosyncratic volatility earn low returns. Following Fama and French (1993) , book-to-market is computed as the ratio of book common equity over market capitalization (size). Book common equity is de…ned using COMPUS-TAT's book value of stockholders' equity plus balance-sheet deferred taxes and investment tax credit minus the book value of preferred stock. The ratio is then computed as the book common equity at the end of the …scal year over size at the end of December.
Historical skewness for stock i on day t is de…ned as
where N is the number of trading days, r i;t s is the daily log-return of stock i on day t s, i is the mean for stock i and i is the standard deviation of stock i. We estimate historical skewness using 1, 6, 12, 24, and 60 months of daily returns.
Market beta is computed at the end of each month using a regression of daily returns over the past 12 months.
Following Ang, Hodrick, Xing, and Zhang (2006) , idiosyncratic volatility is de…ned as
where " i;t is the error term of the three-factor Fama and French (1993) regression. The regression is estimated with daily returns over the previous 20 trading days.
Following Harvey and Siddique (2000) , coskewness is de…ned as
where " i;t is obtained from " i;t = r i;t i i r m;t , where r i;t is the monthly return of stock i on month t, r m;t is the market monthly return on month t. This regression is estimated at the end of each month using monthly returns for the past 24 months. 8 Maximum return is de…ned as the maximum daily return over the previous month or week.
Following Avramov, Chordia, and Goyal (2006) , Jegadeesh (1990) , and Lehmann (1990) , lagged return is de…ned as the weekly return over the previous week from Tuesday to Monday.
Following Amihud (2002) , stock illiquidity on day t is measured as the average of the ratio of the absolute value of the return over the dollar value of the trading volume over the previous year illiquidity i;t = 1 N N P s=0 jr i;t s j jvolume i;t s price i;t s j ;
where N is the number of trading days, r i;t s is the daily log-return of stock i on day t s, volume i;t s is the daily volume of stock i on day t s, and price i;t s is the price of stock i on day t s. We use 252 trading days to estimate illiquidity.
The credit rating is retrieved from COMPUSTAT and is then assigned a numerical value as follows: AAA=1, AA+=2, AA=3, AA-=4, A+=5, A=6, A-=7, BBB+=8, BBB=9, BBB-=10, BB+=11, BB=12, BB-=13, B+=14, B=15, B-=16, CCC+=17, CCC=18, CCC-=19, CC=20, C=21 and D=22. When no rating is available, the default credit rating value is 8.
Appendix B: Expected Values of Realized Moment Limits
To derive the expected value of the realized moment limits for the model in (12)- (13), we employ the fact that the log-price p t in equation (12) is an a¢ ne model, so there exists a closed-from solution for its moment generating function (MGF). In this appendix, we …nd an explicit representation of the forward MGF of p t , which is then used to derive the expected value of the realized moment limits. From the MGF of p t , see Du¢ e, Pan, and Singleton (2000), and using the law of iterated expectations, we have the forward MGF
J u 2 , and = 1=N: We now need to …nd the expected value of the limits of the realized moments de…ned in (14), (15) and (16). We start by rewriting
The Taylor series expansion of
where O 2 denotes all terms of order 2 and above. As N tends to in…nity, converges to zero, so that the only remaining terms in equations (27), (28), and (29) are those of order 1. The limit of the sum of these terms coincides with the de…nition of the Riemann-Stieltjes integral, so that integrating these terms with respect to t over the sampling interval [0; T ] gives (14), (15), and (16) :
Appendix C: Monte Carlo Evidence
In practice, microstructure noise is present in high frequency prices. To simulate market microstructure noise, we de…ne the observed log price p t as
where u t is i.i.d. Gaussian noise with mean zero and variance 2 u . Hence, the observed log price p t is a noisy observation of the non-observable true price p t :
Several studies use Monte Carlo simulations to investigate the properties of realized variance estimators when allowing for market microstructure noise, see for instance Andersen, Bollerslev, and Meddahi (2011) , Gonçalves and Meddahi (2009), and Ait-Sahalia and Yu (2009) . Based on their work, we conduct the following Monte Carlo study.
We simulate 100; 000 paths of the log price process p t using the Euler scheme at a time interval To assess the impact of the microstructure noise at di¤erent sampling frequencies, we use signature plots as proposed in Andersen, Bollerslev, Diebold, and Labys (2000) . The signature plots provide the sample mean of a daily realized moment based on returns sampled at di¤erent intraday frequencies: We take as an observation period T = 1 day, that is T = 1=252, and we assume a day has 6:5 trading hours.
Panel A of Figure A .1 shows the signature plots of RM (j) as de…ned in (9), (10), and (11). This …gure includes 99% con…dence bands around the Monte Carlo estimates. For the second moments in the …rst row of panels the con…dence intervals are very tight around the Monte Carlo estimate making them barely noticeable in the plot. For the third and fourth moments (the second and third row of panels), the 99% con…dence intervals contain the Monte Carlo estimate as well as the theoretical limit.
The signature plot for the second moment RM (2) depicts the well-known e¤ect that microstructure noise has on realized volatility: as the sampling frequency increases (moving from right to left in the …gure), the variance of the noise dominates that of the price process; but for lower frequencies, this e¤ect attenuates. In contrast, the microstructure noise does not a¤ect the signature plots of RM (3) and RM (4) in the same way. There is a small and insigni…cant bias in RM (3) and RM (4) relative to IM (3) and IM (4) but the bias does not increase with the intraday frequency.
Chakravarty, Wood, and Van Ness (2004) document that bid-ask spreads declined signi…-cantly following the decimalization of NYSE-listed companies in 2001. This indicates that predecimalization prices exhibit an additional bid-ask spread generated by fractional minimum increments. To gauge the e¤ect of this discontinuity on the realized moment measures, we conduct a Monte Carlo study similar to the one above, with the exception that observed prices are now measured in sixteenths of a dollar. To isolate the e¤ect of fractional minimum increments, we assume here that observed prices are not a¤ected by microstructure noise. Figure A .1 shows the signature plots for the realized moments. The plots reveal that realized volatility is the only moment a¤ected by fractional changes in observed prices. As the frequency increases, the discontinuity of observed prices creates noise that is picked up by the volatility measure. However, the noise does not a¤ect the third and fourth moments as shown by the 99% con…dence intervals, which contain the Monte Carlo estimate as well as the theoretical limit. We show signature plots for the three daily realized moments, RM (2), RM (3), and RM (4) computed using equations (9), (10), and (11). The intraday sampling frequency on the horizontal axis is in seconds. The dotted lines represent the theoretical limit of realized moments as given by equations (14), (15) Table 1 Characteristics of Portfolios Sorted by Realized Moments Each week, stocks are ranked by their realized moment and sorted into deciles. The equal-weighted characteristics of those deciles are computed over the same week. This procedure is repeated for every week from January 1993 through September 2008. Panel A displays the average results for realized volatility, Panel B for realized skewness, and Panel C for realized kurtosis. Average characteristics of the portfolios are reported for the realized moment, Size (market capitalization in $billions), BE/ME (book-to-market equity ratio), Realized volatility (weekly realized volatility computed with high-frequency data), Historical Skewness (one month historical skewness from daily returns), Market Beta, Lagged Return, Idiosyncratic Volatility (computed as in Ang, Hodrick, Xing, and Zhang (2006) ), Coskewness (computed as in Harvey and Siddique (2000) ), Maximum Return (of the previous month), Illiquidity (annual average of the absolute return over daily dollar trading volume times 10 6 , as in Amihud (2002) We report value-and equal-weighted weekly returns (in bps) of decile portfolios formed from realized moments, the corresponding t-statistics (in parentheses), and the return di¤erence between portfolio 10 (highest realized moment) and portfolio 1 (lowest realized moment) over the period January 1993 to September 2008. Panel A displays the results for realized volatility, Panel B for realized skewness, and Panel C for realized kurtosis. Each panel reports the value-weighted portfolios and the equal-weighted portfolios. Raw returns (in bps) are obtained from decile portfolios sorted solely from ranking stocks based on the realized moment measure. Alpha is the intercept from time-series regressions of the returns of the portfolio using the Carhart four factor model. We report results from Fama-MacBeth cross-sectional regressions of weekly stock returns (in bps) on …rm characteristics for the period January 1993 to September 2008. Firm characteristics are Realized Volatility, Realized Skewness, Realized Kurtosis, Size (market capitalization in $billions), BE/ME (book-to-market equity ratio), Market Beta, Lagged Return (in bps), Historical Skewness (one month historical skewness from daily returns), Idiosyncratic Volatility (computed as in Ang, Hodrick, Xing, and Zhang (2006) ), Coskewness (computed as in Harvey and Siddique (2000) with 24 months of data), Maximum Return of previous month in bps, Maximum Return of previous week in bps, Number of Analysts (from I/B/E/S), Illiquidity (annual average of the absolute return over daily dollar trading volume times 10 6 , as in Amihud (2002)), and Number of Intraday Transactions. We report the average of the coe¢ cient estimates for the weekly regressions along with the Newey-West t-statistic (in parentheses).
Panel B of
(1) (2) (3) (4) We report value-and equal-weighted weekly returns (in bps) of decile portfolios formed from drift adjusted realized moments, the corresponding t-statistics (in parentheses), and the return di¤erence between portfolio 10 (highest realized moment) and portfolio 1 (lowest realized moment) over the period January 1993 to September 2008. Panel A displays results for the drift adjusted realized skewness and Panel B for the drift adjusted realized kurtosis. Raw returns (in bps) are obtained from decile portfolios sorted solely from ranking stocks based on the realized moment measure. Alpha is the intercept from time-series regressions of the returns of the portfolio using the Carhart four factor model. We report results from Fama-MacBeth cross-sectional regressions of weekly stock returns (in bps) on …rm characteristics for the period January 1993 to September 2008. Firm characteristics are Realized Volatility, Realized Skewness, Realized Kurtosis, Size (market capitalization in $billions), BE/ME (book-to-market equity ratio), Market Beta, Lagged Return (in bps), Historical Skewness (one month historical skewness from daily returns), Idiosyncratic Volatility (computed as in Ang, Hodrick, Xing, and Zhang (2006) ), Coskewness (computed as in Harvey and Siddique (2000) with 24 months of data), Maximum Return of previous month in bps, Maximum Return of previous week in bps, Number of Analysts (from I/B/E/S), Illiquidity (annual average of the absolute return over daily dollar trading volume times 10 6 , as in Amihud (2002)), and Number of Intraday Transactions. We report the average of the coe¢ cient estimates for the weekly regressions along with the Newey-West t-statistic (in parentheses).
(1) (2) (3) (4) We report the value-weighted and equal-weighted weekly returns (in bps) of the di¤erence between portfolio 10 (highest realized moment) and portfolio 1 (lowest realized moment) during January 1993 to September 2008. Stocks are ranked based on their realized moments using di¤erent realized volatility estimators. Panel A displays the results for alternative realized volatility estimators, Panel B for realized skewness scaled by alternative realized volatility estimators, and Panel C for realized kurtosis scaled by alternative realized volatility estimators. Alpha is the intercept from time-series regressions of the returns of the portfolio that buys portfolio 10 and sells portfolio 1 using the Carhart four factor model. We report the long-short weekly returns computed as in Table 2 for realized skewness and historical skewness measures. Panel A displays realized skewness (RSkew), SubRSkew, the average realized skewness over di¤erent subsamples as suggested by Zhang, Mykland, and Ait-Sahalia (2005) , SubRSkew drif t , the average drift adjusted realized skewness over di¤erent subsamples as suggested by Zhang, Mykland, and Ait-Sahalia (2005) , and the interquartile skewness (SK2) de…ned as (Q 3 + Q 1 2Q 2 )=(Q 3 Q 2 ) where Q i is the i th quartile of the …ve-minute return distribution. Panel B displays historical skewness (HSkew t ) computed with daily returns across di¤erent horizons (5 days, 1 month, 6 months, 12 months, 24 months and 60 months). The data sample is from January 1993 to September 2008. We report weekly returns (in bps) and t-statistics of quintile portfolios formed from ranking stocks by their realized moments. We also report the di¤erence between portfolio 5 (highest realized moment) and portfolio 1 (lowest realized moment). Panel A displays results for realized skewness and Panel B for realized kurtosis. Each panel reports the value-and equal-weighted quintile portfolio returns for the month of January, for all months excluding January, and only for NYSE stocks. We report the value-and equal-weighted monthly returns (in bps) of decile portfolios formed from realized skewness, their Newey-West t-statistics (in parentheses) and the return di¤erence between portfolio 10 (highest realized moment) and portfolio 1 (lowest realized moment) over the period January 1993 to September 2008. Raw returns (in bps) are obtained from decile portfolios sorted solely from ranking stocks based on the realized skewness measure. Alpha is the intercept from time-series regressions of the returns of the portfolio that buys portfolio 10 and sells portfolio 1 using the Carhart four factor model. 
